An automated item selection procedure for selecting unidimensional scales of polytomous items from multidimensional datasets is developed for use in the context of the Mokken item response theory model of monotone homogeneity (Mokken & Lewis, 1982) . The selection procedure is directly based on the selection procedure proposed by Mokken (1971, p. 187) and relies heavily on the scalability coefficient H (Loevinger, 1948; Molenaar, 1991 
IRT models, the advantage may be that the interpretation of test performance on the basis of scores obtained on unidimensional tests is relatively straightforward.
The Mokken Approach to Scaling Assumptions and Definitions In IRT models, the probability of a particular response to an item is a function of characteristics of the person and the item. For dichotomous items, this relationship is expressed by the item response function (IRF) . Nonparametric IRT models (e.g., Junker, 1993; Mokken, 1971 ; Mokken & Lewis, 1982; Rosenbaum, 1987; Stout, 1990) do not assume a parametric definition of the IRFS or of the latent trait (0) distribution across people. These models thus are based on weaker assumptions than most parametric IRT models. As a result, nonparametric models yield only ordinal measurement, whereas parametric models provide interval measurement. However, nonparametric models often fit empirical data better than parametric models (Meijer, Sijtsma, & Smid, 1990 ; Mokken & Lewis, 1982; press). Meijer et al. (1990) and de Gruijter (1993) provided a comparison of some nonparametric and parametric IRT models. This study used the nonparametric Mokken IRT model for polytomous items (Molenaar, 1982 (Molenaar, , 1986 , in press). Let The probability of successfully taking step s of item i is written as P(YS = 110), which is equivalent to P(X, _> ~j8); the notation 7t,s(9) also is used. This conditional probability is the item step response function (ISRF) . For 
Relationship With Other Models
Analogous to Mokken's ( 1971 ) approach to dichotomous items, a more restrictive model than the model of monotone homogeneity can be formulated for polytomous items. This more restrictive model can be designated the model of double monotonicity for polytomous items (e.g., Molenaar, in press ). This model is based on the model of monotone homogeneity and, in addition, requires that the IsRfs of different items do not intersect (Mokken & Lewis, 1982; press). Thus, the model of double monotonicity is nested in the model of monotone homogeneity (Molenaar, 1986, in press). The model of monotone homogeneity suffices for many applications.
The model of monotone homogeneity for polytomous items is a nonparametric version of the graded response model (Masters, 1982; Samejima, 1969) . This is obvious from the following line of reasoning. Let 
Observable Consequences
If the model of monotone homogeneity holds for dichotomous items, the covariance o between items i and j is non-negative (Mokken, 1971, pp. 120, 131; see also Ellis & van den Wollenberg, 1993; Mokken & Lewis, 1982) . This result also holds for polytomous items.
Theorem. If monotone homogeneity holds, then a(X,, Xj) ~! 0; X,, A= 0, 1, ..., m; i ~ j.
Proof. Assume a doubly stochastic process. First, Os are randomly sampled from the population distriDownloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227. May be reproduced with no cost by students and faculty for academic use. Non-academic reproduction requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ bution. Second, given this sample, for each 0, replications of X, and £ are randomly sampled from the propensity distributions (Lord & Novick, 1968, p. (Mokken, 1971, p. 119). Mokken (p. 120 , corollary 1.1.1 ) proved that the values of similarly ordered functions have a nonnegative covariance. Therefore, aey,~(9),n,r(9)] >_ 0; thus, a(X,, X~) >_ 0 follows.
Scalability
In the item selection procedure based on the model of monotone homogeneity, the scalability coefficient H (Loevinger, 1948; Molenaar, 1991 ) plays an important role. Given the number of items and the model of monotone homogeneity, the larger the value of H, the more accurately persons can be ordered. The property of non-negative values of alJ is fundamental for H in the context of the monotone homogeneity model.
From the covariance o and the maximum covariance a'j(max) given the marginals of the bivariate crosstabulation of the scores on items i and j, H for these items is defined as [for dichotomous items refer to Mokken ( 1971 ) and Mokken & Lewis (1982) ; for polytomous items refer to Molenaar (1991) ].
7~ also can be defined as a decreasing function of the proportion of weighted Guttman (1950) errors, given that item step difficulties are fixed (Hemker & Sijtsma, 1993; Molenaar, 1991 (Mokken, 1971, pp. 157-169) and polytomous items (e.g., Molenaar, in press; Molenaar, Debets, Sijtsma, & Hemker, 1994 (Mokken, 1971, p. The use of these general rules thus prevents outcomes of item selection that are in agreement with the monotone homogeneity model but useless for practical purposes. An excellent example was given by Wood (1978) who found that data generated by coin flipping were in agreement with the Rasch model, which is a special case of the monotone homogeneity model for dichotomous items. Obviously, coin flipping represents an extreme case of both models in which all ISRFS are constant functions of 0 and the total score has zero reliability. A lower bound for H forces the selection of items with at least moderate discriminations or reliability (Meijer, Sijtsma, & Molenaar, 1995 If the distance between all ISRFS is 0, the H value is a function of the population variance and the slopes. However, for positive, fixed slopes and given nonzero population variance, an increase of the distances between the ISRFs yields an increase of H. This is a result of the increase of the 0 range over which the items have the potential of providing relevant information regarding monotone homogeneity.
Item Selection Procedure Automated Item Selection
The bottom-up item selection procedure selects items from the initial set into scales that satisfy the requirements of the monotone homogeneity model. The lower bound c is specified by the researcher: H = c > 0.
First, from the item pairs for which H,~ >_ c, the pair is selected that has the highest HI) value that also is significantly larger than 0. Significance is evaluated using the test statistic z (Molenaar et al., 1994 (Sijtsma & Prins, 1986 ). The two-parameter logistic model (Birnbaum, 1968) and a normal 0 distribution were used to generate the data. All items were selected into one scale for all cases under consideration. When the variance of 0 increased, the H value of the total scale increased. The H value of the scale decreased during the selection of the first 5 items, but did not decrease much more with the selection of more items.
If relatively weakly discriminating items were added to the item bank, these items were selected last. Their selection led to a sharp decrease in H. The 8s of these items had no effect on this result. If one relatively strongly discriminating item was added to the item bank, this item was one of the two items selected first regardless of its 8.
For unidimensional polytomous data, Hemker & Sijtsma (1993) correlation between traits, the more items will be classified correctly into unidimensional scales. This will also depend on the lower bound c selected by the researcher. Note, however, that for a correlation larger than 0, items indirectly measure more than one trait: the trait for which the item was originally designed and the other trait(s) covarying with this trait.
If the as are equal for all items in the multidimensional item bank, its effect on the outcome of the selection procedure will be relatively straightforward (Sijtsma & Prins, 1986) . However, if the as are unequal, results for a given lower bound will be more diffuse. Items may be rejected on the basis of low a. As a result, only relatively highly discriminating items measuring the same trait may be selected into one scale.
In this study, the correlation between traits, the mean a, and the variance of the as across items measuring the same trait were varied to study their effects on the outcome of item selection. Other factors, such as the variance of the joint person parameter distributions and the spread of the 8s, were held constant.
Lower Bound H = c and Item Selection
The composition of the scales resulting from the selection procedure will be affected by the magnitude of the lower bound H = c. If c = 0 (the theoretically smallest lower bound given monotone homogeneity), the items are selected into scales for which /7 ~ 0 for all item pairs and thus H > 0. Therefore, scales may have very low H values and may be practically useless. If c = 1 (the largest lower bound), the item selection procedure attempts to find a perfect Guttman (1944) (Masters, 1982; Samejima, 1969) (1986, in press) for further details]. Because of the interdependence between the item a, the spread of the 8s, and the population variance, the latter two were not included as factors in the design. For each trait, the 9 item 8s were equidistant between -2 and 2. Thus, 8s from different subsets were matched. The T,~s were equidistant between -1.5 and 1.5 for all items.
The result was a completely crossed 6 x 3 x 2 design, with 6 levels of correlation between the traits, 3 levels of mean a, and 2 levels of variation of the a parameters (C and V). For For constant as (C), the selection procedure always resulted in [2: 9, 9]. Under the V condition, this result was only found when p was small or when the mean a was large. When [2: 9, 9] was not obtained in Condition V, the items that were not selected had relatively low as. In Condition V with aM = 1.0 and aM = 1.5, respectively, and p = .8, two unidimensional scales also were found, but because at least one of these scales contained fewer than 6 items Cg is not given. If a lower bound c was used that was smaller than the cs value reported in Table 1 , one scale that contained items measuring both traits was obtained.
The correlation between the traits (p) had no effect on cLPA and c,~. Furthermore, CLPA and c~ hardly varied across replications. Therefore, Table 2 shows the mean values of C~PA and c~ across the five correlations (omitting p = 1.0) and the four replications per cell. These means are based on observations of C~PA and ct hat had standard deviations (SDs) ranging from .0076 to .0166 across cells, with a mean SD of .0108.
The values of cLPA and cLC increased with increasing mean as. Furthermore, CLC was larger in Condition C than in Condition V. However, CLPA was larger in Condition V than in Condition C.
If c exceeded CLPA, the results (not shown) also differed in Conditions V and C. In Condition V, two unidimensional scales were found if c exceeded CLPA by less than .10, but at least one of these scales had fewer Figure  1 for Condition V and in Figure 2 for Condition C. The black part of each column shows the range of lower bounds that yielded the correct result, [2: 9, 9]; the white part of a column shows the range of lower bound values that yielded the practically acceptable result, [2: ~! 6, ~ 6]. An asterisk (*) in Figure 1 means that neither result was found.
The range of lower bounds increased with increasing as and with decreasing correlation between traits. The range that resulted in two unidimensional scales was larger for varying (V) as (Figure 1 ), but the range of lower bounds resulting in [2: 9, 9] was larger for constant (C) as (Figure 2 (Mokken & Lewis, 1982 
Example Application
The item selection procedure was applied to empirical data from an investigation of annoyance due to industrial malodors (Cavalini, 1992) . The questionnaire consisted of 17 four-category items administered to 828 respondents.
Factor analysis (Cavalini, 1992, pp. 53-54) revealed several solutions; however, the most interpretable had four factors [4: 7, 4, 3, 3] . Scale I measured a mixture of an emotional and an avoidance reaction and contained 7 items (Items 3, 6, 8, (13) (14) (15) (16) ; Scale 2 measured the rational effort to do something about the malodor problem and contained 4 items (Items 5, 7, 9, 11); Scale 3 measured the effort to save the laundry from the bad outside air and contained 3 items (Items 1, 2, 4); and Scale 4 measured the emotional acceptance of the situation and contained 3 items (Items 10, 12, 17) (Cavalini, p. (Items 10, 12, 17) that formed one scale for c = 0.00 constituted this scale until c = .30.
These results suggest that either three or four scales should be accepted as the end result. Here considerations concerning the number of items per scale, the reliability per scale score, and the interpretation of the meaning of the scales can be used for a final decision. Note that the solutions with three (at c = .25) and four (e.g., at c = .35) scales both contained Scale 3 and Scale 4 from Cavalini's (1992, pp. 53-54) factor analysis. The three-scale solution also had a union of most items from Scale 1 and all items from Scale 2. This seems somewhat unfortunate, given that the first scale had a strong emotional component whereas the second reflected a more rational attitude. The four-scale solution basically had the same four scales in terms of interpretation as the factor analysis solution. Because the questionnaire was used for research but not for individual diagnosis, reliability is less important and interpretation will be more important.
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